Simulations of wildland fire risk are dependent on the accuracy and relevance of spatial data inputs describing drivers of wildland fire, including canopy fuels. Spatial data are freely available at national and regional levels. However, the spatial resolution and accuracy of these types of products often are insufficient for modeling local conditions. Fortunately, active remote sensing techniques can produce accurate, high-resolution estimates of forest structure. Here, low-density LiDAR and field-based data were combined using randomForest k-nearest neighbor imputation (RF-kNN) to estimate canopy bulk density, canopy base height, and stand age across the Boundary Waters Canoe Area in Minnesota, USA. RF-kNN models produced strong relationships between estimated canopy fuel attributes and field-based data for stand age (Adj. R 2 = 0.81, RMSE = 10.12 years), crown fuel base height (Adj. R 2 = 0.78, RMSE = 1.10 m), live crown base height (Adj. R 2 = 0.7, RMSE = 1.60 m), and canopy bulk density (Adj. R 2 = 0.48, RMSE = 0.09kg/m 3 ). These results suggest that low-density LiDAR can help estimate canopy fuel attributes in mixed forests, with robust model accuracies and high spatial resolutions compared to currently utilized fire behavior model inputs. Model map outputs provide a cost-efficient alternative for data required to simulate fire behavior and support local management.
Introduction
Wildland fire is an important natural feature of forested ecosystems. Recently, the frequency and extent of severe fires have increased in many areas of the United States, influenced in part by historically large fuel loads and increased stand densities generated through fire suppression activities [1, 2] . Compounding this problem, projected climate scenarios indicate changes in fire ignition frequency [3, 4] , expanded wildland-urban interface areas [5] , and higher severity through warming temperatures [6] , changes in fire season length [7, 8] , and increasing drought stress [9] .
One system subject to shifting fire regimes is the mixed boreal-transition forests of the Boundary Waters Canoe Area (BWCA) in northern Minnesota. Charcoal samples from lake sediments in the BWCA have indicated that its forest stands were historically subject to frequent fire events [10] . However, with the implementation of 20th century forest management practices, fire frequency has declined dramatically [11] , while fire size and severity have increased, affecting the BWCA's 250,000 annual visitors and neighboring communities. For example, the 2011 Pagami Creek Wildfire burned 370 km 2 , beginning inside the boundary of the BWCA but eventually spreading and threatening nearby homes and businesses [12] . Exacerbating these trends are the legacies of the derecho wind events of 1995 and 1999, which dramatically altered fuel loads for over 3000 km 2 of forested lands [13] . Due to wilderness designations and rugged terrain, it can be difficult (or prevented by policy) to conduct suppression efforts across the BWCA's complex matrix of unmanaged areas, historic inholding (i.e., resorts and cabins), and adjacent communities.
To protect people and property at high risk from wildland fire (like those in the vicinity of the BWCA), U.S. federal agencies spent $2.9 billion nationally on fire suppression in 2017 [14] . The ability of managers to mitigate the cost and scale of wildland fires prevention depends on the understanding of fire behavior as predicted by mathematical models of fire spread such as FARSITE [15] and FlamMap [16] . Simulating fire growth and spread with these models requires detailed, accurate knowledge of the spatial patterns and extent of surface and canopy vegetation structures related to fuel availability [17] .
Two common canopy fuel attributes necessary for predictive modeling are canopy bulk density (CBD) and canopy base height (CBH). These metrics contribute to the understanding of the initiation and spread of crown fires, which are often more severe and difficult to control than surface fires [18] . CBD is a metric that does not have a universally accepted calculation, but generally attempts to quantify per unit volume of combustible live and dead canopy fuel available [18] . Similarly, measures of CBH are not universally defined but generally refer to the height at which a tree canopy exceeds a minimum fuel load threshold. Fire behavior models use CBD and CBH to determine the threshold for active crown fire initiation [15] as well as an indication of potential fire spread between stands [19] . Canopy height impacts wind direction and speed through stands, influencing spotting through the movement of embers [15] . Beyond standard fire behavior modeling software inputs, knowledge of stand age class and distribution offers forest managers and planners additional insight into the ancillary effects of the structural dynamics of fire-impacted forest landscapes. In pre-fire contexts, stand age can help to describe flammability relationships [20] and ignition potential [21] . In post-fire contexts, stand age can inform the understanding of wildlife habitat selection [22] , species recruitment [23] , and burn severity in forest regeneration planning [24] .
Field-based measurement of forest fuels for operational use is costly and often logistically impractical across the large spatial extent and complex terrain of the BWCA. Fortunately, remotely sensed data can be used in support of forest fuel quantification and fire risk management. To achieve this, local forest managers often rely on fuels layers available from the LANDFIRE program, a nation-wide mapping project utilizing Landsat imagery and field data to generate spatial estimates of forest fuels in the United States at a 30 m spatial resolution using a Classification and Regression Tree modelling approach [25] . However, these products are designed to provide regional and national baselines and are not recommended to replace locally available products with higher spatial resolutions [26] . Indeed, canopy fuels data from LANDFIRE covering the BWCA have required extensive adjustments based on expert knowledge of local forest conditions by regional forest managers. These actions are recommended in data documentation [25] and supported by studies showing unadjusted LANDFIRE data to under-predict fire initiation [27] and poorly correlate with local field measurements [28] . These shortcomings are also caused in part by inadequate sampling densities at local extents and the inability of moderate-resolution spectral data (Landsat) to capture the complex, three-dimensional structural heterogeneity of canopy fuels [29] .
To overcome these limitations, high-resolution data from remote sensing-based systems can be used in tandem with locally available field-based measurements to generate accurate, spatially-explicit, and cost-effective products that quantify and map fire fuels, ultimately supporting fire management decision making. Data from LiDAR (light detection and ranging) offer detailed descriptions of three-dimensional forest structure and improve upon the limitations of passive sensors, which are not overly sensitive to forest structure [30, 31] . It has been well established in the literature that LiDAR can assist in modeling a variety of forest attributes including basal area [32] [33] [34] [35] [36] , biomass [32, 37, 38] , leaf area index [39] [40] [41] , and successional stage [42] , among others. LiDAR has also been successfully used to generate estimates of canopy fuel attributes including overall canopy height [43] [44] [45] , canopy base height [46, 47] , canopy bulk density [19, 48] , canopy cover [49, 50] , and stand age [51] .
Many of the previously mentioned studies make use of medium to high density LiDAR (2 to 16 points/m 2 ) and are limited in their spatial extent due to logistical and/or financial constraints associated with LiDAR data collection across large areas. Collecting LiDAR data across entire states or regions often results in lower point densities and tend to support surface elevation characterization rather than vegetation mapping. As a result, acquisition parameters of LiDAR with densities less than 2 pts/ m 2 do not meet suggested guidelines for the characterization of forest structure [52] .
However, a handful of studies have demonstrated the efficacy of low-density LiDAR in forestry applications. For example, a point density of less than 2 pts/ m 2 was used by Montagnoli et al. [53] to model biomass in a mixed broad leaf forest in northern Italy, achieving accuracies of R 2 = 0.76. Also, Shendryk et al. [54] combined low density LiDAR (average 0.8 pts/m 2 ) with optical imagery to model biomass in a mixed forest in southern Sweden and demonstrated model performance of R 2 = 0.80. A study in Ontario, Canada by Treitz et al. [55] compared low (0.5 pts/m 2 ) to high density (3.6 pts/ m 2 ) LiDAR data and found little difference in predictive accuracy for eight different forest attributes. Even with extremely low densities (0.035 pts/m 2 ), Thomas et al. [56] used LiDAR to accurately estimate mean height, biomass, and basal area in a forest area in southwestern Ontario, Canada.
Despite these encouraging examples, the application of low-density LiDAR (<1 point/m 2 ) to estimate canopy fuels is underrepresented in the literature, especially in mixed forest systems such as those found in the BWCA. While low-density collections account for 43% of publicly available LiDAR in the United States [57] , these datasets are often produced without specific vegetation mapping and modeling goals. To expand the scope of the literature, more research is required to evaluate if low-density LiDAR can support vegetation mapping efforts in mixed forest systems. To accomplish this, and to meet the needs of forest managers in northern Minnesota, this study evaluated the use of publicly available, low-density LiDAR data in developing new, locally relevant estimates of four canopy fuels products across the extent of the BWCA and adjacent forested lands. Specifically, a randomForest imputation modeling framework was used to predict canopy fuel attributes of interest to local forest managers, including two measures of canopy base height, canopy bulk density, and stand age. To build a parsimonious model, a model selection procedure was performed, maximizing ecological interpretability as measured by variable importance.
Materials and Methods

Study Area
The study area covers 14,000 km 2 in northern Minnesota, USA ( Figure 1 ) and encompasses the Boundary Waters Canoe Area (BWCA). Elevation ranges from 337 to 701 m above mean sea-level. Pleistocene glacial till formed much of the soil structure in the BWCA with mineral soil conditions ranging from granitic deposits to sandy loams [11] . Because it is located in a transition zone between deciduous hardwoods and true northern boreal forests, the vegetation and biophysical characteristics of the BWCA are diverse. Conifers and deciduous tree species exist along a spectrum between pure and mixed stands of pines (Red, White, Jack), Balsam fir, Quaking aspen, Northern white cedar, maple (Red and Sugar), birch (Paper, Yellow), and spruce (White and Black). Recent fire history (1984-present) has included multiple large-scale events affecting a total of over 900 km 2 of forested land in the BWCA and adjacent communities.
Sampling Design and Data Collection
Fuels data for CBH and age were collected at 263 inventory plots during an earlier, smaller pilot study area during the summers of 2014 and 2015 near a section of the Gunflint Trail. Plot locations were originally located using a stratified random sampling design, where strata were defined by forest types and stand age classes. These classes were composed of tree species commonly found across the greater extent of the BWCA, including: Jack, Red, and White pine, Black Spruce, Balsam fir, Paper birch, Quaking aspen. Plot locations were randomized within known forest stands >30 years old and >4.05 ha (10 acres). No plots were allowed within 24 m (80 ft) of a stand boundary or another plot. Forest inventory crews installed 0.04 ha (1/10th acre) fixed-radius forest inventory plots and recorded standard forest inventory data (i.e., individual tree measurements of species, height, and DBH) and additional plot-level measurements of stand age and canopy base height. Plots were located on the ground using handheld Trimble Juno GPS devices and differentially corrected to enhance the accuracy (2 to 5 m) of final plot locations. For this study, stand age was determined by selecting and coring the oldest tree from the dominant species present on each plot. CBH was assessed by two separate metrics: crown fuel base height (CFBH) and live crown base height (LCBH). Though these metrics subject to varying methodologies in other data collections, CFBH was here measured as the of height above the ground of the lowest live and/or dead fuels that can move fire higher in the tree. LCBH was determined by measuring the height above ground to the base of the live crown. and recorded standard forest inventory data (i.e., individual tree measurements of species, height, and DBH) and additional plot-level measurements of stand age and canopy base height. Plots were located on the ground using handheld Trimble Juno GPS devices and differentially corrected to enhance the accuracy (2 to 5 m) of final plot locations. For this study, stand age was determined by selecting and coring the oldest tree from the dominant species present on each plot. CBH was assessed by two separate metrics: crown fuel base height (CFBH) and live crown base height (LCBH). Though these metrics subject to varying methodologies in other data collections, CFBH was here measured as the of height above the ground of the lowest live and/or dead fuels that can move fire higher in the tree. LCBH was determined by measuring the height above ground to the base of the live crown.
CBD Field Sites CBH and Age Field Sites
Minnesota Border Boundary Waters Canoe Area Figure 1 . Location map displaying the study area in northern Minnesota. Also shown is the extent of the Boundary Waters Canoe Area, the border of Minnesota, and the location of the field data used in the study. Image sources: ESRI, DigitalGlobe, GeoEye.
For CBD, a separate sample of 60 inventory plots were surveyed in 2015 and 2016. These plots were randomly located within the study area but within 2 km of a paved road and within a forested area. Plots were located on the ground using handheld Trimble GeoXT GPS devices and differentially corrected. At each plot, field crews recorded average canopy gap fraction (CGF), average and total species basal area, and average canopy height. A LAI-2200C instrument (LI-COR Biosciences, Lincoln, NE) was used to record CGF in a square 3 × 3 grid of nine points arranged around the plot center, each separated by five meters, following Reference [58] . With the LAI-2200C, a 38° angle was used with average canopy height to determine the respective CGF plot radius. Within this CGFdefined circular plot area, all conifers species >15 cm DBH were measured for height, height to first live branch, and canopy diameter. These data were used with published allometry [59] to calculate component biomass estimates for each field plot (i.e., needles, branch, and bole). The variety and For CBD, a separate sample of 60 inventory plots were surveyed in 2015 and 2016. These plots were randomly located within the study area but within 2 km of a paved road and within a forested area. Plots were located on the ground using handheld Trimble GeoXT GPS devices and differentially corrected. At each plot, field crews recorded average canopy gap fraction (CGF), average and total species basal area, and average canopy height. A LAI-2200C instrument (LI-COR Biosciences, Lincoln, NE) was used to record CGF in a square 3 × 3 grid of nine points arranged around the plot center, each separated by five meters, following Reference [58] . With the LAI-2200C, a 38 • angle was used with average canopy height to determine the respective CGF plot radius. Within this CGF-defined circular plot area, all conifers species >15 cm DBH were measured for height, height to first live branch, and canopy diameter. These data were used with published allometry [59] to calculate component biomass estimates for each field plot (i.e., needles, branch, and bole). The variety and detail of these measurements (i.e., biomass, CGF) allowed for the use and comparison of five CBD estimation methods (Table 1) . These methods provide only indirect estimates and none are universally applicable to every forest type. Therefore, to determine the most appropriate CBD estimation method, only the most accurate of the five different methods tested was retained by comparing R 2 and RMSE values. Table 1 . Names and descriptions of the five calculation methods evaluated in the development of the canopy bulk density (CBD) model. Units for all CBD measurements are in kg/m 3 .
CBD Method
Description TREEWISE Based on total needle and large branch biomass sum of all conical tree volumes on a plot. PLOTWISE Based on total needle and large branch biomass and the 23-degree LAI-2200C view angle and estimated forest height for the plot. To characterize the horizontal and vertical distribution of vegetation a suite of raster grid metrics were created from the LiDAR point cloud data (Table 2) using the FUSION software package [61] at a 10 m spatial resolution. Due to the narrow side lap in the flight path and large scan angle, all potential predictors from FUSION metrics were visually screened for data quality issues before inclusion in the final predictor list. For example, canopy cover layers derived by FUSION due to excessive striping between flight lines and were replaced by a Landsat time-series derived canopy cover product [62] . For this replacement data, spectral indices were harmonized across all Landsat sensors along with photo-interpreted samples of canopy cover to produce annual maps of predicted canopy cover across the state from 1973-2015 [62] . The map of canopy cover for 2011 was chosen for use in all models to best match the year of LiDAR data collection. Finally, to synchronize predictor spatial resolutions, the Landsat-derived product was resampled from 30 m to a 10 m spatial resolution.
Model Development
A randomForest [63] k-nearest neighbor imputation approach (RF-kNN), available in the "yaImpute" R package [64] , was used to develop models of four canopy fuel attributes: stand age, CFBH, LCBH, and CBD. RF-kNN is different from other imputation methods because it identifies nearest neighbor distances based on proximity values generated from an initial RF model [36] . Furthermore, comparative studies of nearest neighbor methods have shown RF-kNN to be a preferable modeling approach when predicting forest attributes [36, [65] [66] [67] [68] [69] [70] .
Following previous work [42] , model parsimony was optimized during the implementation of the RF-kNN approach to maximize the ecological interpretability of the model results. First, using the 'rfUtilities' package in R [71] , a Gram-Schmidt QR decomposition was performed to identify and remove multicollinear variables. Next, to generate parsimonious RF models, an iterative selection function was performed using the 'modelSel' function in the 'rfUtilities' package [72] . This function generates a Model Improvement Ratio (MIR) statistic that describes how well predictor variables minimize the mean squared error and maximize the variation explained in the response. The RF model generating the highest MIR values is then identified as the most parsimonious model. Table 2 . The 55 predictors evaluated in the model development of the four canopy fuel attributes. Selected predictors in the final models for crown fuel base height (CFBH), live crown base height (LCBH), canopy bulk density (plotwise total CBD based on tree cylinder shape), and stand age are indicated with 'X'. All height measurements are in meters. Using parsimony optimized predictor sets and associated RF proximity values, k-nearest neighbor imputations were run to generate predicted values to compare against the training data for LCBH, CFBH, CBD, and stand age. For the imputations, the number of neighbors was set to k = 1, a value understood to preserve the distribution and covariance structure of the reference dataset [73] and restrict the range of possible imputed values to that of the field data [36] . Canopy fuel attributes were then imputed across the study area at a 10 m spatial resolution.
Predictor
Model Performance and Evaluation
The performance of each model was assessed by comparing imputed predictions to observed values in the training dataset and evaluating accuracy using an adjusted coefficient of determination (Adj. R 2 ) and root mean square error (RMSE). The five methods of estimating CBD were analyzed and the method that produced the highest R 2 and lowest RMSE value was retained as the final CBD model.
The influence of individual predictors in each model were analyzed in two ways. First, internal RF variable importance was generated to measure the mean decrease in model accuracy. Second, partial dependence plots were generated for the most important predictors in each model. In the context of RF modeling, partial dependence plots represent an attempt to visualize the relationship between the response variable and the marginal effect of a single predictor while accounting for the average effect of all other predictors used to grow the forest of regression trees [74, 75] .
Results
Model Selection and Variable Importance
The QR-Decomposition procedure identified and removed 13 multicolinear predictors (Table 2) , leaving 42 potential model metrics to use in model selection. The stand age model retained 9 predictors ( Figure 2 ): mid-canopy pulse densities (STRATUM3, STRATUM4, STRATUM5), return heights (H99PCT, HCV), and surface texture (SRI, PROFCURV), as well as the Landsat time-series derived canopy cover layer (CCLST) and one L-moment (LMOM3). The CFBH model retained 17 predictors (Figure 2 ): the first L-moment, mid-canopy pulse densities (STRATUM3, STRATUM4, STRATUM5, STRATUM6), and return heights (H10PCT, H20PCT), among others ( Table 2 ). The LCBH model retained 11 predictors (Figure 2 ): L-moments (LMOM1, LMOM3), mid-canopy pulse densities (STRATUM4, STRATUM5, STRATUM6), height distribution characteristics (MEDMAD, CRR), slope, and canopy cover (CCLST). Plot-wise cylinder volume (CYL; Table 1 ) was identified as the best candidate of the five CBD estimation methods ( Figure 3 ) having a combination of the highest R 2 and the lowest RMSE. The final CBD model retained 11 total predictors ( Figure 2 ) including: mid-canopy pulse densities (STRATUM4, STRATUM5, STRATUM6), return heights (H40PCT, H50PCT, H60PCT, HVAR), surface texture (SRI), slope, and L-moments (LMOM1, LMOM3).
In terms of variable importance, the proportion of fifth strata returns (STRATUM5) and average return heights in the 99th percentile (H99PCT) were the most important for the stand age model (Figure 2) . In the CBD model, the most important predictors (Figure 2) were the percentage of returns in the fifth strata (between 5 and 10 m) and the third L-moment (LMOM3). For the CFBH and LCBH models, the most important predictors ( Figure 2) were identical: the proportion of returns from the sixth strata (STRATUM6) and the first L-moment (LMOM1). 
Model Performance and Evaluation
Overall, the imputation models of canopy fuels showed strong relationships (Figure 4 ) between predicted and field plot data for stand age (Adj. 
Overall, the imputation models of canopy fuels showed strong relationships (Figure 4 ) between predicted and field plot data for stand age (Adj. R 2 = 0.81, RMSE = 10.12 years), CFBH (Adj. R 2 = 0.78, RMSE = 1.10 m), LCBH (Adj. R 2 = 0.7, RMSE = 1.60 m), and CBD (Adj. R 2 = 0.48, RMSE = 0.09 kg/m 3 ). To determine the marginal effect of important variables (as determined by RF), partial dependence plots were examined for each canopy fuel attribute model. For the CFBH and LCBH models, the first L-moment (LMOM1) values and the proportion of sixth strata returns (STRATUM6) are both associated with increasing heights (Figure 5 ). For the CBD model, STRATUM5 values are associated with increasing biomass volumes while third L-moment (LMOM3) is associated with higher biomass volumes for values from ~ −0.5 to 0.5 ( Figure 5 ). For the stand age model, the proportion of fifth strata returns (STRATUM5) are associated with variations in older stand ages while 99th percentile return heights (H99PCT) are associated with increasing stand ages ( Figure 5 ). To determine the marginal effect of important variables (as determined by RF), partial dependence plots were examined for each canopy fuel attribute model. For the CFBH and LCBH models, the first L-moment (LMOM1) values and the proportion of sixth strata returns (STRATUM6) are both associated with increasing heights (Figure 5 ). For the CBD model, STRATUM5 values are associated with increasing biomass volumes while third L-moment (LMOM3) is associated with higher biomass volumes for values from~−0.5 to 0.5 ( Figure 5 ). For the stand age model, the proportion of fifth strata returns (STRATUM5) are associated with variations in older stand ages while 99th percentile return heights (H99PCT) are associated with increasing stand ages ( Figure 5 ). 
Discussion
The RF-kNN models developed in this study demonstrate the ability of low-density LiDAR to effectively describe several canopy fuels attributes in a mixed forest setting. Imputed estimates of CFBH, LCBH, CBD, and stand age facilitated the production of detailed, 10 m spatial resolution maps ( Figure 6 ) ready for use as fire behavior model inputs. The imputed products provide high accuracy, high spatial resolution alternatives to canopy fuels data sources (i.e., LANDFIRE) currently utilized by forest managers in the BWCA. 
The RF-kNN models developed in this study demonstrate the ability of low-density LiDAR to effectively describe several canopy fuels attributes in a mixed forest setting. Imputed estimates of CFBH, LCBH, CBD, and stand age facilitated the production of detailed, 10 m spatial resolution maps ( Figure 6 ) ready for use as fire behavior model inputs. The imputed products provide high accuracy, high spatial resolution alternatives to canopy fuels data sources (i.e., LANDFIRE) currently utilized by forest managers in the BWCA. The accuracies presented in this study offer similar results compared to the few previous studies estimating CBH and CBD using low-density LiDAR (<1 pts/m 2 ). For example, Maguya et al. [76] presented R 2 values ranging from 0.46 to 0.75 for CBH at a point density of 0.5 pts/m 2 in coniferdominated forests of eastern Finland. Also using 0.5 pts/m 2 point density, González-Ferreiro et al. [48] generated estimates for CBD (R 2 = 0.44) but also reported CBH accuracy in upwards of R 2 = 0.96 over plantations of young, highly stocked Pinus radiata in northwest Spain. Using LiDAR pulse densities much higher than those presented here, Andersen et al. [77] attained an R 2 of 0.77 when estimating CBH from LiDAR data with a point density of 3.5 pts/m 2 for a small forest in southwestern The accuracies presented in this study offer similar results compared to the few previous studies estimating CBH and CBD using low-density LiDAR (<1 pts/m 2 ). For example, Maguya et al. [76] presented R 2 values ranging from 0.46 to 0.75 for CBH at a point density of 0.5 pts/m 2 in conifer-dominated forests of eastern Finland. Also using 0.5 pts/m 2 point density, González-Ferreiro et al. [48] generated estimates for CBD (R 2 = 0.44) but also reported CBH accuracy in upwards of R 2 = 0.96 over plantations of young, highly stocked Pinus radiata in northwest Spain. Using LiDAR pulse densities much higher than those presented here, Andersen et al. [77] attained an R 2 of 0.77 when estimating CBH from LiDAR data with a point density In Douglas fir forest, Hermosilla et al. [44] achieved similar CBH results were achieved in in northwestern Oregon (R 2 : 0.78) using LiDAR with a point density of 8 pts/m 2 . Moreover, in the eastern Cascade mountains of Washington, accuracies ranging from R 2 = 0.77 to 0.84 were reported by Erdody and Moskal [43] for CBH using a LiDAR dataset with a point density of 4 pts/m 2 . Finally, a study of forest age by Racine et al. [51] found comparable accuracy (R 2 : 0.83) using a similar a model methodology (RF-kNN imputation) and study system (northern boreal transition forest in Quebec, Canada). However, it should be noted that direct comparisons to these and other studies warrants caution due to differences in forest types, response variables (i.e., categorized age classes) and the use of square root and log transformations of dependent variables.
Using an RF-kNN imputation approach provides for the assessment of RF model predictor importance as measured by the normalized difference mean squared error ( [78] , Figure 2 ). Of the original 55 predictor variables, only one, describing the proportion of returns between 5 and 10 m (STRATUM5), was retained across all models. This finding is consistent with previous studies that have previously identified canopy strata return proportions as important across multiple models of forest attributes [79, 80] . For the models of CFBH and LCBH, the most important variables are identical (LMOM1, STRATUM6). Similar marginal effects of each predictor are found in the partial dependence plots for the CFBH and LCBH models ( Figure 5 ), where the importance of STRATUM6 (pulse density proportion between 10 and 20 m) can be explained by many CFBH and LCBH values falling within the height range of this strata. Despite being important in both models, STRATUM6 has different ecological implications for each model. This predictor becomes important for CFBH at lower heights and may reflect how the field measurements are better estimates of ladder fuels. In LCBH model, STRATUM6 explains greater variation mid-canopy heights, potentially indicating that this model will be less successful describing understory to crown fuel connectivity in fire behavior models.
The fact that LMOM1 was also shared by the CFBH and LCBH models is intriguing due to recent research regarding the improved understanding of forest structure through the use of L-moments [81] . The LMOM1 variable is functionally analogous to mean canopy height, a metric identified as an important component of other crown fuel models [19, 43, 44] . The efficacy of L-moments over conventional moments may be explained by the former's robustness to the smaller sample sizes and outliers [82] such as those found in low-density LiDAR point cloud data.
For CBD, the top predictors were STRATUM5 and LMOM3 (an L-moment analogous to skewness). The partial dependence plot of CBD and STRATUM5 ( Figure 5 ) indicates that the number of mid-canopy returns generally increases as the amount of tree biomass becomes denser between five and 10 meters above ground level. The plot of LMOM3 to CBD ( Figure 5 ) indicates that increasing biomass volumes are associated with returns distributed mostly through the mid-crown heights. As the number of returns concentrate at either higher or lower heights, biomass values decrease. However, it should be noted that the variation of the marginal effect on CBD occurs over a narrow range (0.255 to 0.280 kg/m 3 ). The CBD method with the highest model performance was "CYL", which is designed to represent plotwise total CBD based on cylinder shapes of trees and assumes that biomass is distributed equally in the crown. Compared to the other tested methods (Table 1) , the generic cylinder shape may have been more successful in capturing the variations in canopy profiles across a wide variety of deciduous and coniferous crown geometries.
For the stand age model, the most important predictors were STRATUM5 and H99PCT (the average height of the 99th percentile of returns). The known relationship between age and tree height [83] is supported by the importance of H99PCT in the stand age model and the association of H99PCT with increasing stand ages in the partial dependence plot ( Figure 5 ). The partial dependence plot for STRATUM5 and stand age ( Figure 5 ) appears to indicate the power of this predictor lies mainly in its ability to distinguish between zero and non-zero values of stand age, which potentially translates to forested vs. non-forested conditions. Predicted non-forested conditions may also encompass emergent vegetation (i.e., fire recovery) or highlight potential replanting or restocking areas. It must be said that stand age is not requisite in standard fire behavior modeling software. Despite this, spatial predictions Despite numerous studies of forest attributes using LiDAR, previous research has focused heavily on conifer-dominated systems [84] . This may be partially driven by concerns over the variability of leaf-off, leaf-on conditions in forests with deciduous components or a concentration of research in locations with available funding for LiDAR data collection efforts. However, previous research has shown that the timing of LiDAR acquisition has only a marginal effect on the accuracy of modeled biophysical forest structure estimates [85] [86] [87] , which is notable since LiDAR collections occur across a wide variety of forest conditions in the BWCA. Beyond the BWCA, data covering mixed forest systems have been used to estimate forest biomass [84, [88] [89] [90] , stem density [91] , and basal area [92, 93] and results from this study contribute to this underrepresented body of work.
Characterizations of canopy structure have shown only small differences in accuracy and precision between high and low-density LiDAR collections [55, 94, 95] . However, the use of low-density scenarios using simulated point clouds thinned from high-density datasets [94] may lack the real-world collection parameters presented here (i.e., low side-lap, high scan angle). This study's use of unsimulated data shows the added benefit of a LiDAR collection even when the original acquisition plans do not specifically include vegetation mapping (as was the case with the Minnesota Elevation Mapping Project). As of April 2019, low-density LiDAR covers 64% of the land area in the continental United States [57] and presents a cost-effective and readily available complement to expensive, time-consuming, and logistically complex field-based sampling. And although there is some temporal difference between the timing of the LiDAR collection and the field data observations, the field data extent did not experience large shifts in vegetation or habitat type during the intervening years, allowing these model outputs to be useful for fire ecologists and forest managers. Going forward, managers may be able to use landscape altering events (i.e., fire, blowdown) occurring after 2015 to help validate or update the model outputs.
Although direct comparisons should be used with caution, it is worth noting the model accuracies produced in this study meet or surpass those of commonly utilized canopy fuels estimates of from LANDFIRE for CBH (R 2 = 0.48) and CBD (R 2 = 0.58) in the Lake States region, Zone 41 [96] . However, several caveats are needed to contextualize LANDFIRE data. First, accuracy estimates are generated across much larger geographic areas due to sample size and distribution issues at smaller extents [96] . Second, CBH products from LANDFIRE are defined as "the lowest layer in the canopy at which the CBD is ≥ 0.012 kg m 3 " [26] and are therefore more analogous to the CFBH than LCBH metric presented here. The latter was concurrently measured and estimated to provide the USFS with differing inputs for comparative models of fire risk. Lastly, despite the difficulty in direct comparisons between LANDFIRE and independent field measurement [26] , it notable that CBH and CBD data from LANDFIRE were poorly correlated with the field data used in this study (R 2 range: 0.01 -0.30). The difference in accuracy can be explained by LiDAR's ability to describe the three-dimensional structure of forest canopies, whereas LANDFIRE is reliant on two-dimensional, optical satellite sensor data, such as Landsat (30 m spatial resolution). High spatial resolution data from LiDAR also leads to more detailed spatial inputs for fire modeling and more relevant information for local, operational forest management.
The results of this study demonstrate the utility of low-density LiDAR, but it is worth pointing out that two aspects of the initial data collection effort may have hindered model performance. The LiDAR data was collected with a minimum side-lap of 25%, which is less than the 50% often seen in other collection efforts. Low or inconsistent side-lap can influence overall point densities. The wide scan angle of the LiDAR collection (20 degrees) may have also led to the striping seen during the initial visual assessment of the potential predictors because larger off-nadir angles can affect the proportion of canopy returns [97] . The negative effects of inconsistent side-lap and variable scan patterns are much more difficult to mitigate using common thinning algorithms in low density point cloud data, but the CCLST predictor proved a sufficient supplement and improved model performance in some cases. Going forward, related research [98-100] indicates that fusing Landsat time-series data and LiDAR metrics should be further explored to test the efficacy of low-density LiDAR. Finally, though the model outputs presented here represent extrapolations outside the geographic extent of the original field data collection sites, the imputation parameters are bounded to the range of field data. These results represent specific associations between spatial predictors and forest measurements and may not fully capture novel ecological conditions across the continuum of the BWCA. Thus, these models should not be seen as transferable to forest types with significant differences in species composition, phenology, or topography.
Conclusions
This study demonstrates that low-density LiDAR can be used to provide reasonable estimates of canopy fuel attributes in the mixed forest ecosystem of northern Minnesota, USA. The results also highlight the use of pre-existing low-density LiDAR collections to complement the limited resources of forest managers to gather plot-based field data. The map products of imputed canopy fuel attributes produced by this study are of higher spatial resolution (10 m) relative to similar products from national data repositories, such as LANDFIRE. They can serve as alternative or improved inputs for forest managers in comparative model scenarios of fire behavior and risk. It is encouraging that the data limitations of low-density LiDAR were generally not a major hindrance to model accuracy. These results indicate the expanded utility of low-density LiDAR and suggest re-evaluations of the large number of similar datasets available across the United States.
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